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In modern society, on the one hand, a highly developed transportation system has greatly promoted population mobility,
which makes the prevention and control of an epidemic difficult. On the other hand, a highly developed information
system has promoted real-time remote communication, which helps people obtain timely and accurate epidemic in-
formation and protect themselves from being infected. In order to make best use of the advantages and bypass the
disadvantages of modern technologies in the prevention and control of an infectious disease, there is a need to give an
insight into the relationship between the spread of an epidemic and people’s risk aversion behaviors. By incorporating
delayed epidemic information and self-restricted travel behavior into the SIS model, we have investigated the coupled
effects of timely and accurate epidemic information and people’s sensitivity to the epidemic information on contagion.
In the population with only local random movement, whether the epidemic information is delayed or not has no effect
on the spread of the epidemic. People’s high sensitivity to the epidemic information leads to their risk aversion behavior
and the spread of the epidemic is suppressed. In the population with only global person-to-person movement, timely
and accurate epidemic information helps an individual cut off the connections with the infected in time and the epi-
demic is brought under control in no time. A delay in the epidemic information leads to an individual’s misjudgment of
who has been infected and who has not, which in turn leads to rapid progress and a higher peak of the epidemic. In the
population with coexistence of local and global movement, timely and accurate epidemic information and people’s high
sensitivity to the epidemic information play an important role in curbing the epidemic. A theoretical analysis indicates
that people’s misjudgment caused by the delayed epidemic information leads to a higher encounter probability between
the susceptible and the infected and people’s self-restricted travel behavior helps reduce such an encounter probability.
A functional relation between the ratio of infected individuals and the susceptible-infected encounter probability has
been found.
Outdoor activities and epidemic prevention are both im-
portant on condition that we are attacked by an epidemic
like COVID-19, which is quite possible to coexist with hu-
man beings chronically. The existing measures for the pre-
vention and control of an epidemic focus on spatial isola-
tion and vaccines, which emphasize on external interven-
tion but neglect to give full play to one’s initiative. As we
consider an individual’s information dependent behavior,
the genetic trait of risk aversion may be helpful for us
to refrain from being hurt in a dangerous environment,
when timely and accurate risk information is quite im-
portant. The roles of delayed epidemic information and
people’s sensitivity to the epidemic information have been
investigated numerically and theoretically. Higher sensi-
tivity coupled with timely and accurate information helps
us find a balance between outdoor activities and risk pre-
vention. A quantitative relation between the spread of the
epidemic and the degree of risk aversion and timeliness of
information has been found.
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I. INTRODUCTION
More recently, the world has witnessed a devastating out-
break of COVID-191–4. Compared with the spread of the
plagues in early human history5,6, the spread of COVID-19
has a greater average daily dispersion. Such a difference re-
sults from the development of modern transit system, which
makes the people around the world highly connected7–10.
Therefore, from the view point of the prevention and control
of an infectious disease, today’s mobile society has brought us
more challenges than ever before.
Traditionally, spatial isolation is an effective method for the
prevention and control of an infectious disease. However, in
modern society, long-term isolation means that people may
lose their jobs on which they rely for survival. In addition to
that, long-term isolation may also cause people’s psycholog-
ical problems11,12. Under such circumstances, how to keep
people from being infected and maintain appropriate outdoor
activities at the same time has become one of the major prob-
2lems which need to be investigated in depth.
With the help of highly developed communication tech-
nologies, such as the Internet and the mobile phone, peo-
ple are easy to get timely and accurate epidemic information.
Such an advantage provides people with more opportunities
to find effective measures for epidemic suppression in addi-
tion to spatial isolation13–17. Therefore, from the view point
of the prevention and control of an infectious disease, today’s
information society has brought us more opportunities than
ever before.
A variety of network models have been borrowed to analyze
the coupling of information diffusion and epidemic spreading
in the last two decades18–24. In a dynamical network, people
can effectively avoid being infected by cutting off the con-
nections with the infected and relinking to the uninfected. In
a multilayer network, the diffusion of epidemic information
and the spread of an infectious disease are coupled together
with common nodes. The topological properties of the infor-
mation network and the epidemic transmission network have
a great impact on the spread of the epidemic. In a metapopula-
tion network, people’s moving patterns affect their encounter
probability, which finally determines the speed and scope of
the spread of an epidemic25–29.
Although the studies related to the coupling of information
diffusion and epidemic spreading have investigated the effects
of communication structures and interaction structures on the
spread of an infectious disease, in order to give an exact an-
swer to the question about how to keep people from being in-
fected and maintain appropriate outdoor activities at the same
time, we need to have a clear view of the time-delayed effect
and the cognitive effect on the spread of the epidemic, which
are still lack of in-depth discussions.
In the present work, by incorporating delayed epidemic
information and self-restricted travel behavior into the SIS
model, we have investigated the coupled effects of the timeli-
ness and accuracy of epidemic information and people’s sen-
sitivity to the epidemic information on the spread of the epi-
demic. The following are our main findings.
(1) In the population with only local random movement,
whether the epidemic information is delayed or not has little
effect on the spread of an infectious disease. People’s self-
restricted travel behavior has a great impact on the spread of
the epidemic. A higher level of sensitivity to the epidemic
information leads to a lower level of going-out frequency into
the mostly infected crowd and the spread of the epidemic is
suppressed effectively.
(2) In the population with only global person-to-person
movement, whether the epidemic information is delayed or
not has a great impact on the spread of an infectious disease.
The timely and accurate epidemic information helps an in-
dividual cut off the immediate connections with the infected
in time and the epidemic dies out in a short time. The de-
layed epidemic information leads to an individual’s misjudge-
ment of who has been infected and who has not. The de-
lay in cutting off the suspected-infected connections leads to
a fast diffusion and a high peak of the epidemic. People’s
self-restricted travel behavior helps reduce the disadvantages
resulting from the delayed epidemic information.
(3) A theoretical analysis indicates that the spread of an in-
fectious disease is determined by the encounter probability be-
tween the suspected and the infected. The delayed epidemic
information causes an increase in the suspected-infected en-
counter probability in the global person-to-person movement,
which leads to a fast diffusion and a high peak of the epi-
demic. The information-dependent risk-aversion behavior
causes a decrease in the suspected-infected encounter prob-
ability, which leads to effective suppression of the epidemic
in both the local and global movement.
The rest of the paper is organized as follows. The SIS
model with delayed epidemic information and local-global
movement is introduced in section two. Section three presents
simulation results and discussions. Section four gives a theo-
retical analysis. A conclusion is drawn in section five.
II. THE MODEL
In the present model, there are three coupled evolution-
ary processes: people’s self-restricted travel behavior, infor-
mation diffusion and epidemic transmission. The mecha-
nisms mainly concerned in the present work are the delayed
epidemic information and the sensitivity of people’s mov-
ing probability to local and global epidemic information. In
the following, we introduce the above three evolutionary pro-
cesses respectively.
A. People’s self-restricted travel behavior
People’s travel behavior consists of two coupled moving
patterns: local randommovement and global person-to-person
movement. In the local random movement, an individual i
moves randomly within a confined spatial area, called local
area in the following, with probability vrami . Each local area
consists of a l× l area with an overlapping l×∆l area between
two adjacent local areas. The moving probability vrami of indi-
vidual i in the local area is
vrami = v0(1−
nI
n
)α , (1)
in which v0 is the initial moving probability, nI and n are the
number of infected individuals and the total number of popu-
lation in the local area, α represents an individual’s sensitivity
to the local epidemic information. The total area of all the lo-
cal areas combined is a L×L regular network with eight paths
for each node, which is satisfied with the equation
L×L = [m× (l−∆l)]× [m× (l−∆l)]. (2)
Therefore, there are total m×m number of local areas in the
present model.
In the global person-to-person movement, an individual i
moves purposefully to an individual j who has an immedi-
ate connection with him with probability v
pur
i . The globally
connected network is a random network with average degree
3k¯ for each node and a Poisson degree distribution P(k). The
moving probability v
pur
i is satisfied with the equation
v
pur
i = v
′
0(1−
NI
N
)β , (3)
in which v′0 is the initial moving probability, NI and N are the
number of infected individuals and the total number of pop-
ulation in the global area, β represents an individual’s sensi-
tivity to the global epidemic information. In addition to the
global information, an individual i has also personal informa-
tion about who has been infected and who has not among his
immediate neighbors. If he obtains the information that an
immediate neighbor has been infected, he will cut off the con-
nection with him.
The local movement and the global movement are coupled
together with timescale τ . For τ = 0, there is only local
movement. For τ = 1, there is only global movement. For
0< τ < 1, local movement and global movement coexist.
B. Information diffusion
There are three kinds of epidemic information in the present
model: the local epidemic information ρ locI =
nI
n
, the global
epidemic information ρ
glo
I =
NI
N
and the person-to-person epi-
demic information S− I. If the epidemic information can
be obtained in time, each individual determines his travel
behavior according to the latest epidemic information, i.e.
ρ locI (t) =
nI(t)
n
, ρ
glo
I (t) =
NI (t)
N
and S− I(t). If the epidemic in-
formation is ∆ time steps delay, each individual determines his
travel behavior according to the delayed epidemic informa-
tion, i.e. ρ locI (t) =
nI(t−∆)
n
, ρ
glo
I (t) =
NI(t−∆)
N
and S− I(t−∆).
Therefore, if the ratio of infected individuals in the popula-
tion does not changes with time, that is
nI(t)
n
= nI(t−∆)
n
and
NI (t)
n
= NI(t−∆)
n
, whether the local and global information are
timely or not does not affect the local and global moving prob-
ability. But for person-to-person movement, if an individ-
ual was infected within the latest ∆− 1 steps, the informa-
tion of S− I(t) should be different from the information of
S− I(t−∆), which leads to an individual’s misjudgement of
who has been infected and who has not among his immediate
neighbors. In such cases, the global person-to-person move-
ment is quite possible to promote the spread of an infectious
disease.
C. Epidemic transmission
There are two routes for the spread of an infectious disease:
group-to-person transmission and person-to-person transmis-
sion. In the local random movement, if a typical spot (x,y)
has been occupied by n′I infected individuals and n
′
S suscepti-
ble individuals, a susceptible individual i in this spot will be
infected with probability
Pi =
n′I
n′I + n
′
S
PI, (4)
in which PI is the infection probability of the infectious dis-
ease. An infected individual j in this spot will become sus-
ceptible with probability
Pj = PS, (5)
in which PS is the recovery probability of the infectious dis-
ease.
In the global person-to-person epidemic transmission, an
individual i′ firstly randomly chooses an individual j′ from his
immediate neighbors. If individual i′ is an infected individual,
he becomes susceptible with probability PS and keeps infected
with probability 1−PS. If individual i
′ is a susceptible indi-
vidual and individual j′ is an infected individual, individual
i′ will be infected with probability PI on condition that indi-
vidual i′ does not know that individual j′ has been infected.
If individual i′ knows that individual j′ has been infected, he
will cut off the link and keeps susceptible.
III. SIMULATION RESULTS AND DISCUSSIONS
The epidemic information alerts people to the potential dan-
ger, which is possible to affect people’s local and global travel
behavior. The change of people’s travel behavior would in
turn lead to a change in the spread of the epidemic. In the
coupling of people’s self-restricted travel behavior and the
spread of the epidemic, the timeliness and accuracy of epi-
demic information and people’s attitude to such information
are two key factors. In the following, we examine simula-
tively whether people’s sensitivity to the risk information and
the delay of the epidemic information affect the spread of the
epidemic or not.
Firstly, suppose that people could get the epidemic infor-
mation timely and accurately, we examine whether people’s
self-restricted travel behavior could suppress the spread of an
infectious disease or not.
Figure 1 (a) shows that, for τ = 0, which corresponds to
the situation where there is only local random movement,
the time-dependent ratio of infected individuals ρI is closely
related to people’s sensitivity to the risk information. For
α=β=0, which corresponds to the situation where people are
insensitive to the epidemic information, within the range of
0< t < 150, ρI increases quickly from ρI ∼ 0.1 to ρI ∼ 0.86.
Within the range of t > 150, ρI fluctuates around ρI ∼ 0.86
and the average value of ρI changes little with the rise of t. For
α=β=0.5, which corresponds to the situation where people
show low sensitivity to the epidemic information, within the
range of 0< t < 300, ρI increases from ρI ∼ 0.1 to ρI ∼ 0.76.
Within the range of t > 300, ρI fluctuates around ρI ∼ 0.76
and the average value of ρI changes little with the rise of t.
A further increase in people’s sensitivity to the epidemic in-
formation leads to a lower level of ρI in the final steady state
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FIG. 1. Simulation of dynamic ratio of infected individuals ρI for time t with timescale between global and local movement (a) τ = 0;
(b)τ = 0.5; (c)τ = 1. People’s sensitivity to the epidemic information α=0 (lines), 0.5 (slashes), 1 (slash dotted lines), 2 (slash dotted dotted
lines). Other parameters are: α=β , total population N = 1000, average degree of each node in the random network k¯=10, initial moving
probability v0=1, delayed time ∆=0, infection rate PI = 1, recovery rate PS = 0.01, global area L×L = 100×100, local area l× l = 11×11,
overlapping area l×∆l = 11×1.
and the prolonged time to the final steady time. Such results
indicate that, in the local random movement, an individual’s
self-restricted travel behavior can suppress the spread of an
infectious disease effectively.
Figure 1 (b) shows that, for τ = 0.5, which corresponds
to the situation where local movement and global movement
coexist, the time-dependent ratio of infected individuals ρI
is also related to people’s sensitivity to the risk information.
Comparing the results in Figure 1 (a) with the results in Figure
1 (b), we find that, given the same value of people’s sensitivity
to the risk information, the coexistence of local movement and
global movement leads to a lower level of ρI in the final steady
state and the prolonged time to the final steady time. Such re-
sults indicate that, in the coexistence of local movement and
global movement, an individual’s self-restricted travel behav-
ior is helpful for inhibiting the spread of an infectious disease.
Figure 1 (c) shows that, for τ = 1, which corresponds to
the situation where there is only global movement, the time-
dependent ratio of infected individuals ρI has little to do with
people’s sensitivity to the risk information. Within the range
of 0< t < 500, ρI decreases quickly from ρI ∼ 0.086 to ρI ∼ 0
for different values of people’s sensitivity to the risk informa-
tion. Within the range of t > 500, ρI keeps the minimum value
of ρI ∼ 0. Such results indicate that, in the global person-to-
person movement, an individual’s self-restricted travel behav-
ior has little effect on the change of the spread of an infectious
disease.
Comparing the simulation results in figure 1 (a), (b) and
(c), we find that the effectiveness of people’s self-restricted
travel behaviors on the suppression of an infectious disease
is related to the timescale between global movement and lo-
cal movement. In the local movement, as people can not get
exact epidemic information about who has been infected and
who has not, people’s strict self-restriction is quite important
for us to inhibit the spread of an infectious disease. It is valu-
able that people have a higher level of self-consciousness to
the prevention and control of the infectious disease. In the
global movement, as each individual has timely and accurate
epidemic information about whether his immediate neighbors
have been infected or not, he can cut off the connections with
the infected individuals in time. Therefore, it is not neces-
sary for him to have a strict self-restricted travel behavior as
long as he has already cut off all the connections with the in-
fected individuals. In the coexistence of local movement and
global movement, as accurate epidemic information is not al-
ways available, people’s strict self-restriction is still important
for us to inhibit the spread of an infectious disease.
In order to get a clear view of the extinction point of the
epidemic, we plot the averaged ratio of infected individuals
ρI as a function of people’s sensitivity α for different val-
ues of timescale τ in Figure 2. As there is only local random
movement, τ=0, ρI decreases continuously from ρI ∼ 0.87 to
ρI ∼ 0.02 within the range of 0<α < 20. The extinction point
αc ∼ 20 is observed. For τ =0.2, ρI decreases continuously
from ρI ∼ 0.84 to ρI ∼ 0 within the range of 0< α < 20. The
extinction point αc ∼ 18 is observed. A further increase in τ
leads to a decrease in the extinction point αc. As there is only
global person-to-person movement, τ=1, ρI keeps the mini-
mum value of ρI ∼ 0 within the whole range of 0< α < 20.
We can conclude that, if people could get exact epidemic
information, just like the situation where there is only global
movement, they can effectively refrain from being infected
and a strict self-restricted travel behavior has little effect on
the change of the spread of the epidemic. If people could
only get the ratio of infected individuals in the population,
just like the situation where there is only local movement,
people’s higher sensitivity to the epidemic information would
cause them to travel less and the spread of the epidemic can
be suppressed effectively.
Secondly, incorporating the delayed epidemic information
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FIG. 2. Simulation of averaged ratio of infected individuals ρ¯I as
a function of people’s sensitivity α to the epidemic information
with timescale between global and local movement τ=0 (circles), 0.2
(squares), 0.5 (diamonds), 0.8 (triangles), 1 (stars). Other parameters
are: α=β , total population N = 1000, average degree of each node
in the random network k¯=10, initial moving probability v0=1, de-
layed time ∆=0, infection rate PI = 1, recovery rate PS = 0.01, global
area L×L = 100×100, local area l× l = 11×11, overlapping area
l×∆l = 11× 1. Final data are obtained by averaging over 10 runs
and 103 time steps after 5×103 relaxation time in each run.
into the evolutionary process, we examine whether the de-
layed epidemic information would affect the spread of an in-
fectious disease or not.
Figure 3 (a) shows that, for τ = 0, which corresponds to
the situation where there is only local movement, the time-
dependent ratio of infected individuals ρI are nearly the same
for different values of the delayed time ∆. Such results in-
dicate that, in the local random movement, whether the epi-
demic information is delayed or not does not affect the spread
of an infectious disease.
Figure 3 (b) shows that, for τ = 0.5, which corresponds
to the situation where local movement and global movement
coexist, the time-dependent ratio of infected individuals ρI is
related to the delayed time ∆ of the epidemic information. For
∆=0, which corresponds to the situation where people have
timely epidemic information, the ratio of infected individu-
als ρI increases slowly from ρI ∼ 0.1 to ρI ∼ 0.36 within
the range of 0 < t < 500. For t > 500, ρI fluctuates around
ρI ∼ 0.36 and the average value of ρI changes little with the
rise of t. For ∆=1, which corresponds to the situation where
people have delayed epidemic information, ρI increases from
ρI ∼ 0.1 to ρI ∼ 0.4 within the range of 0 < t < 200. For
t > 200, ρI fluctuates around ρI ∼ 0.4 and the average value of
ρI changes little with the rise of t. For ∆=5, ρI firstly increases
quickly from ρI ∼ 0.1 to ρI ∼ 0.62 and then drops quickly
from ρI ∼ 0.62 to ρI ∼ 0.48 within the range of 0 < t < 150.
For t > 150, ρI fluctuates around ρI ∼ 0.48 and the average
value of ρI changes little with the rise of t. A further increase
in ∆ leads to a higher level of ρI in the final steady state and the
shortened time to the final steady time. Such results indicate
that, in the situation where local movement and global move-
ment coexist, the delayed epidemic information promotes the
spread of an infectious disease.
Figure 3 (c) shows that, for τ = 1, which corresponds to
the situation where there is only global movement, the time-
dependent ratio of infected individuals ρI is closely related to
the delayed time ∆ of the epidemic information. For ∆ = 0,
which corresponds to the situation where people have timely
epidemic information, the ratio of infected individuals ρI de-
creases from ρI ∼ 0.1 to ρI ∼ 0 within the range of 0 < t <
300. For t > 300, ρI keeps the minimum value of ρI ∼ 0.
For ∆ = 1, which corresponds to the situation where people
have delayed epidemic information, the ratio of infected in-
dividuals ρI firstly increases from ρI ∼ 0.1 to ρI ∼ 0.2 and
then decreases from ρI ∼ 0.2 to ρI ∼ 0 within the range of
0 < t < 500. For t > 500, ρI keeps the minimum value of
ρI ∼ 0. A further increase in ∆ leads to an increase in the
maximum value of the time-dependent ρI . However, the ra-
tio of infected individuals in the final steady does not change
with ∆. Such results indicate that, in the situation where there
is only global movement, the delayed epidemic information
cause a rapid progress and a higher peak of the spread of an
infectious disease.
In order to get a clear view of the coupled effects of the de-
layed epidemic information and people’s self-restricted travel
behavior on the spread of an infectious disease, in Figure 4 (a)
and (b) we plot the averaged ratio of infected individuals ρI
as a function of the delayed time ∆ for α=0 and α=2 respec-
tively.
Figure 4 (a) shows that, for α=β=0, which corresponds to
the situation where people are insensitive to the epidemic in-
formation, the changing tendency of ρI vs ∆ is closely related
to the timescale τ . For τ = 0, ρI keeps its maximum value of
ρI ∼ 0.88 within the whole range of ∆ ≥ 0. For τ = 0.2, ρI
increases continuously from ρI ∼ 0.83 to ρI ∼ 0.88 within the
range of 0< ∆ < 6. ρI keeps its maximum value of ρI ∼ 0.88
within the whole range of ∆ > 6. The critical value of ∆c ∼ 6
is observed. A further increase in τ leads to an overall de-
crease in ρI within the range of 0< ∆ < ∆c. For τ = 1, which
corresponds to the situation where there is only global move-
ment, ρI keeps its maximum value of ρI ∼ 0 within the range
of 0 < ∆ < 7. Within the range of 7 < ∆ < 13, ρI increases
quickly from ρI ∼ 0 to ρI ∼ 0.84. Within the range of ∆ > 13,
ρI keeps its maximum value of ρI ∼ 0.84.
Figure 4 (b) shows that, for α=β=2, which corresponds to
the situation where people are sensitive to the epidemic in-
formation, the changing tendency of ρI vs ∆ is also closely
related to the timescale τ . For τ = 0, ρI keeps its value of
ρI ∼ 0.52 within the whole range of ∆ > 0. For τ = 0.2, ρI
increases continuously from ρI ∼ 0.48 to ρI ∼ 0.54 within the
whole range of ∆ > 0. A further increase in τ leads to a de-
crease in ρI within the range of 0< ∆ < ∆c and an increase in
ρI within the range of ∆ > ∆c. For τ = 1, which corresponds
to the situation where there is only global movement, ρI keeps
its minimum value of ρI ∼ 0 within the whole range of ∆ > 0.
Comparing the results in Figure 4 (b) with the results in Fig-
ure 4 (a), we find that a higher level of people’s sensitivity to
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FIG. 3. Simulation of dynamic ratio of infected individuals ρI for time t with timescale between global and local movement (a) τ = 0; (b)
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the epidemic information is helpful for the inhibition of the
spread of an infectious disease even if there is a time delay of
the epidemic information.
We conclude that, the delayed epidemic information does
not always have an impact on the spread of the epidemic.
In the situation where there is only local movement, whether
the epidemic information is delayed or not does not affect the
spread of the epidemic. In the situation where local movement
and global movement coexist, the delayed epidemic informa-
tion promotes the widespread of the epidemic. In the situation
where there is only global movement, the delayed epidemic
information only causes an increase in the highest level of the
spread of the epidemic but does not affect the ratio of the in-
fected individuals in the final steady state.
In the present model, people’s sensitivity to the epidemic
information is reflected in their self-restricted travel behavior.
The change in people’s travel behavior determines people’s
encounter probability and accordingly the spread of the epi-
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information α=0 and initial moving probability v0=1 (circles), 0.7 (squares), 0.5 (diamonds), 0.4 (triangles). Other parameters are: α=β , total
population N = 1000, average degree of each node in the random network k¯=10, timescale between global and local movement τ = 0.5,
infection rate PI = 1, recovery rate PS = 0.01, global area L×L = 100×100, local area l× l = 11×11, overlapping area l×∆l = 11×1. Final
data are obtained by averaging over 10 runs and 103 time steps after 5×103 relaxation time in each run.
demic. In real society, the moving probability can be affected
by external forces, like government’s speed limits, and inter-
nal forces, like an individual’s risk aversion behavior. In order
to get a clear view of different effects of external forces and
internal forces on the spread of an infectious disease, in Figure
5 (a) and (b) we plot the averaged ratio of infected individu-
als as a function of timescale τ for a fixed value of v0 = 0
and different values of α and a fixed value of α = 0 and dif-
ferent values of v0 respectively. The scenario in Figure 5 (a)
represents people’s risk aversion behaviors, in which people’s
moving probability changes with time. The scenario in Figure
5 (b) represents government’s speed limits, in which people’s
moving probability keeps low but stable. We are especially
concerned about the epidemic inhibition effects between the
system with low and stable moving probability and the sys-
tem with information-dependent moving probability.
Figure 5 (a) shows that, for v0 = 1, the changing tendencies
of ρI vs ∆ are nearly the same for different values of people’s
sensitivity to the epidemic information α . An increase in α
only leads to an overall decrease in ρI but not the changing
tendency of ρI vs ∆. Figure 5 (b) shows that, for α = 0, the
changing tendencies of ρI vs ∆ are not the same for different
values of initial moving probability v0. An increase in v0 not
only leads to an overall decrease in ρI but also the changing
tendency of ρI vs ∆.
Comparing the results in Figure 5 (a) with the results in Fig-
ure 5 (b), we find that the changing tendency of ρI vs ∆ in Fig-
ure 5 (b) is much steeper than that in Figure 5 (a). Such results
indicate that, compared with the situation where the moving
probability keeps low and stable, people’s self-restricted travel
behavior is more effective in reducing the disadvantage result-
ing from the delayed epidemic information.
IV. THEORETICAL ANALYSIS
A. Relationship between the ratio of infected individuals and
people’s sensitivity to the epidemic information
Here, we give a theoretical analysis on how people’s sensi-
tivity to the epidemic information affects the ratio of infected
individuals in the final steady state.
In the present model, an increase or a decrease in the num-
ber of infected individuals is determined by the encounter
probability between the infected and the suspected individ-
uals. In the following, depending upon the mean field theory,
we give an analysis on how an individual’s risk aversion be-
havior affects the encounter probability, which further leads
to the change of the ratio of infected individuals in the final
steady state.
For τ = 0, which corresponds to the situation where there is
only local randommovement, on condition that people are in-
sensitive to the risk information, α=0, each individual’s travel
probability keeps stable, v(t)=v0=1. The encounter probabil-
ity between an infected individual and a susceptible individual
is
PSI =
C1NIC
1
NS
C2N
=
2NINS
(N− 1)(N− 2)
, (6)
in which NI is the number of infected individuals and NS is
the number of susceptible individuals in the population and
NI+NS=N. Suppose the relationship between PSI and v0 is sat-
isfied with a linear function,
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FIG. 6. Simulation of averaged ratio of infected individuals ρI as
a function of people’s sensitivity to the epidemic information α
with recovery rate PS=0.001 (circles), 0.01 (squares). Other param-
eters are: α=β , total population N = 1000, average degree of each
node in the random network k¯=10, initial moving probability v0=1,
timescale between global and local movement τ=0, delayed time
∆=0, infection rate PI = 1, global area L×L = 100×100, local area
l× l = 11×11, overlapping area l×∆l = 11×1. Final data are ob-
tained by averaging over 10 runs and 103 time steps after 5× 103
relaxation time in each run. The slash lines and the slash dotted lines
are theoretical predictions for PS=0.001 and 0.01 respectively.
PSI =
2NI(N−NI)v0
(N− 1)(N− 2)
, (7)
an increase in the ratio of infected individuals in a time step is
∆ρI = PSI =
2NI(N−NI)v0
(N− 1)(N− 2)
. (8)
As people’s sensitivity to the risk information is incorpo-
rated into the travel probability, v= v0(1−
NI
N
)α , ∆ρI becomes
∆ρI =
2NI(N−NI)v0(1−
NI
N
)α
(N− 1)(N− 2)
. (9)
With the recovery probability PS, a decrease in the ratio of
infected individuals in a time step is
∆ρ ′I =
PSNI
N
. (10)
In the final stable state, an increase in the ratio of infected
individuals should be equal to a decrease in the ratio of in-
fected individuals, ∆ρI = ∆ρ
′
I , we get
2NI(N−NI)
1+α v0
(N− 1)(N− 2)Nα
=
PSNI
N
. (11)
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FIG. 7. Simulation of dynamic ratio of infected individuals ρI for
time t with recovery rate PS=0.001 (circles), 0.005 (squares), 0.01
(triangles). Other parameters are: total population N = 1000, aver-
age degree of each node in the random network k¯=10, initial moving
velocity v0=1, timescale between global and local movement τ = 1,
delayed time ∆=1, people’s sensitivity to the epidemic information
α=β=0, infection rate PI = 1, global area L×L = 100× 100, local
area l× l = 11×11, overlapping area l×∆l = 11×1. The slash lines,
the slash dotted lines and the slash dotted dotted lines are theoretical
predictions for PS=0.001, 0.005 and 0.01 respectively.
The relationship between the number of infected individuals
in the population and people’s sensitivity to the risk informa-
tion becomes
NI = N− [
(N− 1)(N− 2)Nα−1PS
2v0
]
1
1+α . (12)
In the above equation, there is a pre-defined condition that
the population density is ρ = 1. Consider different population
density ρ , we get the functional relation
NI = N− [
(N− 1)(N− 2)Nα−1PS
2ρv0
]
1
1+α . (13)
From the above equationwe find that the amount of infected
individuals in the final steady state decreases with the rise of
the recovery probability and the rise of people’s sensitivity to
the risk information. In Figure 6 we plot NI vs α for different
PS. Given the condition N
theo
I (α = 0) = N
simul
I (α = 0), the
theoretical analysis is in accordance with the simulation data.
B. relationship between the progress of the epidemic and
the delayed epidemic information
In the following, we give a theoretical analysis on how
the delayed epidemic information affects the progress and the
peak of an epidemic.
In the local random movement, an individual’s travel prob-
ability is determined by the ratio of infected individuals in the
9local area. According to the mean field theory, the ratio of
infected individuals in the local area is equal to the ratio of in-
fected individuals in the whole area, which is somewhat stable
in the final steady state. Therefore, although the state of each
individual changes with time, the delayed epidemic informa-
tion also provides us relatively accurate information of ρI and
does not affect the progress of an epidemic.
In the global person-to-person movement, an individual’s
travel probability is determined by accurate epidemic infor-
mation about who has been infected and who has not. If an
individual has accurate epidemic information, his travel prob-
ability is
vglobal =
n− nI
n
, (14)
in which nI is the number of infected individuals and n is the
total number of individuals connected to him. In such cases, a
susceptible individual’s connections with infected individuals
have all been cut off and he will not get infected.
If the epidemic information is delayed one time step, an
individual’s travel probability becomes
vglobal =
n− (nI−∆nI)
n
, (15)
in which ∆nI is the number of infected individuals increased
in the latest step. Depending upon the mean field theory, we
get the possibility that an individual will get infected in the
next time step
∆ρI =
C1NSC
1
∆NI
C2N
, (16)
in which NS is the number of susceptible individuals and ∆NI
is the number of infected individuals increased in the latest
step in the whole population. We obtain the number of in-
fected individuals increased in a time step
∆NI(t) =
2N2S (t− 1)∆NI(t− 1)
N(N− 1)
. (17)
Therefore, the total number of infected individuals is
NI(t) = NI(t− 1)+
2N2S (t− 1)∆NI(t− 1)
N(N− 1)
−NI(t− 1)PS,
(18)
and the total number of susceptible individuals is
NS(t) = NS(t− 1)−
2N2S (t− 1)∆NI(t− 1)
N(N− 1)
+NI(t− 1)PS.
(19)
From the above equations we find that the number of in-
fected individuals in the population firstly increases and then
decreases with time, the rise or the decrease slope of which
is closely related to the refractory probability PS. In figure 7
we plot NI vs t for different PS. Given the initial conditions
NI = 112, NS = 795, ∆NI = 30, ∆NS = 0, the theoretical anal-
ysis is in accordance with the simulation data.
V. SUMMARY
In this paper, we have investigated the coupled effects of de-
layed epidemic information and self-restricted travel behavior
on contagion. In the local random movement, people’s self-
restricted travel behavior can effectively reduce the spread of
an infectious disease. Compared with timely epidemic in-
formation, delayed epidemic information does not reduce the
effectiveness of such an advantage. In the global person-to-
person movement, people’s self-restricted travel behavior is
also helpful for us to prevent and control the epidemic. The ef-
fectiveness of such an advantage depends on timely and accu-
rate epidemic information. The delayed epidemic information
facilitates the epidemic reaching a higher peak. In the coex-
istence of local movement and global movement, both timely
epidemic information and people’s high sensitivity to the risk
information are helpful for us to suppress the epidemic. A
mean field analysis indicates that, in the local random move-
ment, the suppression of the epidemic results from a decrease
in the encounter probability between the susceptible and the
infected. People’s self-restricted travel behavior leads to a
lower Susceptible-Infected encounter probability and the ra-
tio of infected individuals decreases. In the global person-
to-person movement, the suppression of the epidemic results
from timely and accurate disconnection of the link between
the susceptible and the infected. The timely and accurate epi-
demic information helps an individual know of who has been
infected and who has not, depending upon which he can cut
off the Susceptible-Infected linkage in time and the epidemic
is suppressed.
In real society, there are a variety of moving patterns. From
the perspective of effectively curbing an epidemic, an infec-
tious disease’s transmission characteristics and people’s mov-
ing patterns are two key factors, depending upon which we
can map out more effective prevention and control measures.
Compared with external enforcement measures, people’s self-
restricted travel behavior are more flexible and helpful, which
help us achieve a balance between the prevention and con-
trol of the epidemic and the needs of outdoor activities in our
daily life. In the future, a challenging problem is how to give
a detailed theoretical derivation of a typical kind of coupled
reaction-diffusion processes, including a comprehensive con-
sideration of information transmission factors and cognitive
factors. A kind of message-passing method may be a promis-
ing protocol for such problems.
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